Majority of data envelopment analysis studies have been focused on developed economies and economies in Asia, and very few studies on developing economies particularly African economies. This research aims to determine bank efficiency and productivity change of Zimbabwean commercial banks. The DEA model was used to measure the efficiency of 10 commercial banks working in Zimbabwe. The intermediation approach was used to specify variables. The average scores of technical efficiency under the Constant Returns to Scale (CRS) and Variable Returns to Scale (VRS) assumptions for the commercial banking sector as a whole are 70.95% and 81.5% respectively. The average scale efficiency for commercial banks operating in Zimbabwe was found to be 73.7%.Through applying the Malmquist Productivity Index (MPI) method; it was found that the mean total factor productivity increase for Zimbabwean commercial banks from 2003 to 2012 is 13.8%. The results also showed that the total factor productivity index peaked in 2009 where it reached a value of 121.1% and reached the lowest point in 2005 were it went down to (-52%).
Introduction
Commercial banks play important role to the economy of a country as it serves as an intermediation between the households and the financial sector. Therefore, the best financial system is that in which financial intermediaries perform efficiently. Such a system limits, quantifies, gathers and negotiates all operational risks and incites the savers to invest by offering them a proportional payment to the scale of the risk incurred. The risk and return therefore cannot be the same with different economies and banks (Kablan, 2007) [17] . The banking sector in Zimbabwe is currently confronted with liquidity challenges which are manifesting themselves through constrained banking sector lending capabilities, high lending rates and failure to meet customer withdrawal requirements experienced by a few banking institutions (RBZ,2014) [22] . The predominance of short-term deposits are constraining the banking sector's potential to provide effective financial intermediation to productive sectors of the economy (RBZ, 2014) [22] . http://www.ispacs.com/journals/dea/2015/dea-00090/ International Scientific Publications and Consulting Services
Measuring Bank Efficiency
Efficiency of a firm can be evaluated using financial ratios, the parametric approach and the nonparametric approach. Financial ratios like return on assets or cost-revenue ratios from accounting statements are commonly used by financial institutions, managers, regulators and consultants to measure efficiency of a firm (Bauer, et al. 1998) [2] . Frontier efficiency, on the other hand, measures deviations in performance from that of firms with best performance on the efficient frontier, holding constant a number of exogenous market factors like prices in local markets. It measures how well a firm performs relative to the predicted performance of the best firm in the industry, facing similar market conditions. (Bauer, et al. 1998) [2] , stress that frontier efficiency is a more superior measurement than financial ratios because it uses statistical technique to remove the effect of differences in prices and other exogenous market factors affecting the standard performance ratio in order to obtain better estimates.
Data Envelopment Analysis (DEA)
According to (Berger and Humphrey, 1997) [4] DEA is a linear programming technique that is used to develop a set of best practice or frontier observations. DEA uses the piecewise linear cost or production frontier in order to connect the costs or inputs of the efficient firms in the efficiency analysis.
The CCR and the BCC DEA model
There are many extensions of the initial model published by Charnes, Cooper and Rhodes (CCR) in 1978 [12] . The CCR model was modified by Banker, Charnes and Cooper in 1984 [8] and became the BCC model which accommodates variable returns to scale. (Tone, 2001) [25] introduced the additive and slacks-based models which can accommodate both variable and constant returns to scale and take mix efficiencies into account. The return to scale assumption of the latter two models depends on whether the convexity constraint is included or not.
Input and output oriented DEA models DEA models can either be input oriented or output oriented. The terms input and output-oriented relate to the way in which inefficient DMUs are projected onto the efficient frontier. Input-oriented models aim at reducing the input amounts by as much as possible without reducing present output levels. Output oriented models maximize output levels without increasing input consumption. The Additive Model and the Slack Based Model (SBM) deal with input excesses and output shortfalls simultaneously in a way that jointly maximizes both.
Measuring Productivity Change
The Malmquist index technique was introduced by (Caves, Christensen and Diewert 1982) [10] it became only applicable for the DEA method after the foundation of (Färe and Grosskopf, 1992) [16] . In their research, the non-parametric efficiency theory of (Farrell, 1957) was combined with the Malmquist index of (Caves, Christensen and Diewert, 1982) [10] into a DEA Malmquist index of productivity changes which is now commonly used in evaluating Total Factor Productivity (TFP) changes in the banking industry. After each efficiency score is defined for each year using DEA method, one can follow (Färe, et al, 1992) [16] to calculate the (geometric) distance m0 or TFP change between two indices of the year t and t+1. Thus, if m0 is greater than one then it means there is an improvement in TFP; otherwise the TFP has been decreasing. The Malmquist productivity index has become the standard approach in productivity measurement over time, especially when nonparametric specifications are applied to micro data. (R. Fare, et al, 1995) translated the idea of using the geometric mean of two Malmquist productivity indexes defined for translog technologies in Caves et al [10] . to the nonparametric setting. They decomposed it into changes in efficiency, "catching-up", and changes in the frontiers, "technical change". http://www.ispacs.com/journals/dea/2015/dea-00090/ International Scientific Publications and Consulting Services Empirical Studies (Darrat, et al.2002) [14] examined the efficiency of banks in Kuwait, using the DEA. The balance sheets and income statements of eight banks were examined over the period of 1994 to 1997. The three inputs included were labour, capital, and deposits, and the outputs were loans and investments. The purpose of the results was to indicate that about 47% of the resources of the banks were not used correctly to generate profit. The small banks were found to be more efficient than the larger ones. Finally, there seemed to be a positive relationship between the profitability, capitalization, and efficiency in the Kuwaiti banking system. (Chansarn, 2008) [11] conducted a study on the efficiency of 13 Thai commercial banks from 2003 to 2006 using the Data Envelopment Analysis technique. His research investigated the performance of Thai commercial banks in both operation and intermediation approaches. The research showed that Thai commercial banks were more efficient in operation approach than intermediation approach during 2003 to 2006. Moreover, while large, medium and small banks were all efficient in operation approach, this research also discovered that small banks were most efficient in intermediation. (Phochathan, et al.2009 ) [21] also applied the same method in measuring the efficiency of eight Thai major commercial banks. However, in their research, they measured the efficiency in two periods, before the economic crisis (1993) (1994) (1995) (1996) and after the economic crisis (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) . In addition, they also used Malmquist index of the Thai banking industry for the whole period of 1993-2006. Their research showed that the mean value of technical and scale efficiency scores before the economic crisis period are higher than those after the economic crisis period. In addition, the results also indicated that Thai commercial banks had a rising productivity level at a decreasing rate. Moreover, they also pointed out that the return on assets and non-performing loans have affected the productivity growth of the banking industry in Thailand. (Phochathan, et al. 2009 ) [21] . (Mukherjee, et al. 2001) [20] investigated the productivity changes of 201 large commercial banks over the initial post deregulation period, from 1984 to 1990, by means of DEA. They measured productivity growth using the Malmquist indices, and estimated the contributions of technical change, technical efficiency change and scale change to calculate productivity growth. They found overall productivity growth at a rate of 4.5%per year on average, however, productivity dropped by 7.61% between 1984 and 1985 and 0.33%between 1988 and 1989.Applying a DEA and Malmquist ProductivityIndex, (Sufian, 2006) [24] investigated the efficiency and productivity of Malaysian banks for the period of 1998-2003. He found that Malaysian banks exhibited the highest mean overall efficiency score in 2000. It was found however, that Malaysian banks mean overall efficiency scores declined steadily in 2003, which could be attributed to the intensification of competition and sluggish loan growth. (Yousif, 2007) [27] conducted a study aimed to measure and break down the technical efficiency of the banks in Palestine through the period from 2002 to 2005. In this research, he presented the mathematical background and characteristics of DEA model, and measured the efficiency of 16 banks out of the 21 banks working in Palestine. To measure technical efficiency, two basic models of the DEA were used under the assumptions of constant returns to scale and the variable returns to scale; the study found that, there were differences among banks in relation to their technical efficiency scores, and the average pure technical efficiency score was 96.3%. The main source of overall technical inefficiency was caused by the scale problem. The study compared the efficiency scores between local and foreign banks and found that local banks had a higher averaged score of technical efficiency than foreign banks, but the difference was statistically insignificant.
Research Methodology
This research employed secondary data. The data was collected from yearly financial statements of Zimbabwean commercial banks for the period under analysis (2003 to 2012). In this study annual data for loans, deposits and operating expenses were collected for the period 2003-2012 and were used as inputs in http://www.ispacs.com/journals/dea/2015/dea-00090/ International Scientific Publications and Consulting Services Data Envelopment Analysis (DEA) in order to obtain the efficiency scores for the different banks. The intermediation approach was used in selecting bank inputs and outputs, deposits (Xij) and operating costs (X2j) were considered as inputs. Loans and advances (Y1j) were considered as outputs.
Sample Population
In order to provide a more precise and accurate estimation on the efficiency scores, this study limits the sample to 10 commercial banks that have at least 10 years of complete dataset. The sample consists of six private domestic-owned banks namely :Commercial Bank of Zimbabwe (CBZ), First Banking Corporation (FBC), NMBZ, MBCA, Metropolitan Bank and Kingdom bank; One state owned bank(ZB Bank formerly Zimbank), and three foreign-owned banks, namely: Barclays bank, Standard Chartered Bank and Stanbic bank.
Application of Data Envelopment Analysis (DEA) in measuring bank efficiency
DEA is a nonparametric method in operations research; it is used for the estimation of efficient frontiers and to measure the performance of DMUs such as banks. This methodology, first explained by Charnes et al. (1978) [12] defined efficiency as a weighted sum of outputs to a weighted sum of inputs. The main hypothesis behind this is that, inputs are considered similar and equal for all banks as they operate in the same market for money and services. Each bank is treated as a different bank in a different period which can increase the number of data points. Therefore, small sample sizes problem can be solved. Among a number of DEA models, this study uses the two most frequently used models: the CCR model (Charnes, Cooper and Rhodes 1978) [12] and the BCC-(Banker, Charnes and Cooper 1984) [8] . The main difference between these two models is the treatment of returns to scale: while the latter allows for variable returns to scale, the former assumes that each DMU operates with constant returns to scale.
The CCR DEA MODEL
The algebraic model for the CCR (input based) ratio form is as follows:
Subject to:
4)
Where; c = a specific bank to be evaluated, Yrj = the amount of output r from bank j, Xij = the amount of input i to bank j, Ur = weight chosen for output r , Vi= weight chosen for input i , n = number of banks, s = the number of outputs, m = the number of inputs. The objective function defined by hc aims to maximise the ratio of weighted outputs to weighted inputs of the bank under scrutiny. This is subject to the constraint that any other bank in the sample cannot exceed unit efficiency by using the same weights. It is important to note that these weights are assumed to be unknown, but obtained through optimisation. Such optimisation is performed separately for each unit in order to compute the weights and the efficiency measure hc. The problem setting in (3.1) is a fractional program. This can be converted into linear program (LP) form by restricting the denominator of the objective function hc to unity, and adding this as a constraint http://www.ispacs.com/journals/dea/2015/dea-00090/
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The maximising LP setting in (3.5) assumes constant returns to scale technologies. When the formulation constrains the weighted sum of the inputs to unity as in (3.5) , and maximises the outputs, this becomes an input-based efficiency measurement. That means, given outputs, banks minimise the use of inputs.
One possible solution to the LP (the primal) in (3.5) is to formulate a dual companion. By denoting the input weights of bank c by θc and the input and output weights of other banks in the sample by λj the dual form of the maximising problem is formalised as follows:
The bank c is regarded as efficient if the θc is equal to one and the slacks ( The asterisk denotes optimal values of the variables in the dual. It is important to note that these conditions are also the conditions for Pareto efficiency. When the bank is fully efficient, it is impossible to improve its observed values of input or output without worsening other input or output values. The bank is regarded as inefficient if the θc is less than one and/or positive slack variables. For these inefficient banks, the optimal values of λj construct a hypothetical bank, which is formed by the subset of the efficient banks. 
The BCC DEA Model
The absence of constraints for the weights λj, other than the positivity conditions in the problem (3.11), implies constant returns to scale. For allowing variable returns to scale, it is necessary to add the convexity condition for the weights λj, i.e. to include in the model (3.11) the constraint:
The resulting DEA model that exhibits variable returns to scale is called the BCC-model, after Banker, Charnes and Cooper (1984) [8] . The input-oriented BCC-model for the DMU0 can be written formally as:
Subject to: The BCC-efficiency scores are obtained by running the above model for each DMU (with similar interpretation of its values as in the CCR-model). These scores are also called "pure technical efficiency scores", since they are obtained from the model that allows variable returns to scale and hence eliminates the "scale part" of the efficiency from the analysis. Generally, the CCR-efficiency score for each DMU will not exceed the BCC-efficiency score, which is intuitively clear since the BCC-model analyses each DMU "locally" (i.e. compared to the subset of DMUs that operate in the same region of returns to scale) rather than "globally".
Malmquist TFP Index
When one has panel data, one may use DEA-like linear programs and a (input or output based) Malmquist TFP index to measure productivity change into technical change and technical efficiency change. When selecting variables for the model, the intermediation approach was chosen because the objective is to test the efficiency change of the 'intermediation' process of the banks raäther than the production process. Following (Färe and Grosskopf 1992) [16] the output oriented Malmquist productivity change index will be adopted for this study. Output orientation refers to the emphasis on the equi-proportionate increase of outputs, within the context of a given level of input. Results on each and every firm for each and every adjacent pair of time periods can be tabulated and summary measures across time can be presented.
Malmquist TFP index and Scale Efficiency
The above approach can be extended by decomposing the (CRS) technical efficiency change into scale efficiency and pure (VRS) technical efficiency components. This involves calculating two additional LPs (when comparing two production points). These would involve repeating first and second LPs with convexity restriction (N1′ λ = 1) added to each. One can use the CRS and VRS values to calculate the scale efficiency effect residually.
Data analysis and interpretation
DEAP2.1 statistical software was used to determine efficiency scores and productivity change indices. Table 1 below presents the CRS technical efficiency scores for 10 commercial banks used in this study. The simple DEA model is based on the constant returns to scale assumption (CRS), implying that the size of the bank is not relevant in assessing efficiency. CRS scores are composed of non-additive combination of pure technical efficiencies. A ratio of the overall CRS technical efficiency scores to VRS technical efficiency scores provides scale efficiency scores. A fully technical efficient bank needs to achieve a score of 1 (100%). A score less than 1 reflect that a bank is wasting resources, hence technically inefficient. The results presented in table 1 above reveal that the banks used in this study achieved a mean technical efficiency of 70.95% between 2003 and 2012 under the CRS assumption. The results imply that the banks on average are wasting 29.05% of the inputs used generate output. The banks are able to produce the current output using only 70.95% of their current inputs.Furthermore the summary of bank means reflects that CBZ is the most technical efficient bank given the CRS assumption. CBZ has an average technical efficiency score of 86.9%. The score shows that the bank on average utilises 86.9% of its inputs to produce output. In contrast, Barclays is the least technical efficient bank on average with a score of 49.2%. The score implies that the bank wastes 50.8% of its inputs used to generate output on average. 
Technical Efficiency (TE) Results (Assuming Constant Returns to Scale)

Variable Returns to Scale (VRS) TE Results
The CRS model asserts that the size of a bank is irrelevant when assessing efficiency. However, it is likely that the size of the bank will influence the ability of a bank to provide services more efficiently. A VRS frontier allows the best practice level of outputs to inputs to vary with size. The VRS efficiency scores are better than the CRS efficiency scores because in the VRS model banks are benchmarked with banks of the similar size. The VRS is less restrictive and shows better performances of the sector as compared to the CRS model. An efficiency score equal to 1 indicates that a bank is fully efficient, which means a bank is minimising the inputs at a given output level. Table 2 below represents the VRS technical efficiency results for 10 commercial banks used in this study. 
Scale efficiency Results
A bank operating at optimum scale needs to achieve a scale efficiency score of 1 (one). An efficiency score which is less than one show that a bank is operating at a scale too large or too small. If a bank is operating in a region of decreasing returns to scale (DRS), this implies that it is operating on a scale that is too large. If a bank is operating in a region of increasing returns to scale (IRS), this implies that the bank is operating at a scale that is too small. Table 3 below presents the scale efficiency results for each of the 10 commercial banks used in this study. meaning that its scale of operation diverges from the optimum scale of operations by 29%. Table 3 also confirms that NMBZ has the highest scale efficiency (94%). Table 4 below shows the required improvements in variables for each bank in 2012 in order for the inefficient banks to reach the efficiency frontier. The original value of each variable represents the actual value of the variable (data entered to the model), radial and slack movements represent the potential improvement needed for the variable in order to reach the efficiency frontier, and projected value represents the target value for each variable (output or input), the difference between the original value and the projected value is the improvement needed for each variable. Table 5 below presents the efficiency change, technical change, pure technical change, scale efficiency change and the total factor productivity change for 10 commercial banks used in this study. Figure 4 above show that Barclays recorded the highest average positive increase in total factor productivity of 10.5%. The 10.5% productivity gain for Barclays consists of an efficiency gain of 14.8% and technological regress of 3.8%. Kingdom bank recorded the lowest average total factor productivity change with an average decline of 7.9% in total factor productivity. This 7.9% decline consists of an efficiency gain of 0.6% and technological regress of 8.5%. The results also show that 7 out of 10 banks used in this study exhibited overall gain in productivity and three banks exhibited an overall loss in productivity. As shown by table 6 above, the mean total factor productivity increase for Zimbabwean commercial banks was 13.8% from 2003 to 2012. This figure is composed of an efficiency gain of 9.48% and a technological gain of 8.91% it can also be noted that the average total factor productivity increase was highest in Figure 5 shows that the total factor productivity index peaked in 2009 where it reached a value of 121.1% which can be attributed to the dollarization of the economy. This is in sharp contrast with the 2005 index (-52%) which was the lowest in this study period. The total factor productivity index has since declined from 2009; end up at 22.2% in 2012.
Improvements in inputs and outputs
Conclusions
The research measured the technical efficiency of the commercial banks in Zimbabwe and found out the score for each bank relative to other banks. It was found that there are differences among banks in their technical efficiency scores. The research determined that the average technical efficiency scores under the Constant Returns to Scale (CRS) and Variable Returns to Scale (VRS) assumptions for the commercial banking sector as a whole to be 70.95% and 81.5% respectively, which answered the first research question, and fulfilled the first objective which is "Determining the efficiency of commercial banks in Zimbabwe using DEA". It was also shown that the commercial banks in Zimbabwe operate at an inappropriate scale efficiency (84.39%), which answered the second research question and fulfilled the second research objective which is "establishing the scale economies of commercial banks in Zimbabwe using DEA". The results also showed that the commercial banks were most efficient in 2010 where the mean scale efficiency score was 93% and the least scale efficiency average was recorded in 2007 where the banks achieved a mean scale efficiency score of 73.7%. As a result of the findings, improvements in variables (outputs and inputs) were suggested for inefficient banks in order to reach the efficiency frontier. These improvements answered the third research question and fulfilled the third research objective which is "Determining the improvements in inputs and outputs for inefficient banks to reach the efficiency frontier." This research also showed that the mean total factor productivity increase for Zimbabwean commercial banks was 13.8% between 2003 and 2012, which answered the fourth research question, and fulfilled the fourth objective which is determining total factor productivity change and efficiency change using Malmquist DEA methods. The results also showed that the total factor productivity index peaked in 2009 where it reached a value of 121.1% and reached the lowest point in 2005 were it went down to (-52%).
